Improving building energy efficiency is significant for energy conservation and environmental protection. When there are multiple buildings with solar power generation and batteries connected in a microgrid, coordinating the distributed energy supply and consumption may substantially improve the energy efficiency. We consider this important problem in this paper and make the following three major contributions. First, we formulate the operation optimization of a microgrid of buildings as a two-stage stochastic programming problem. Second, the problem is transformed into a stochastic mixed-integer linear programming. Then the scenario method is used to solve the problem. Third, case studies of a university campus is presented. The numerical results show that coordinating the distributed solar power and battery can reduce the operational cost of the microgrid.
SOC of battery i in stage t. Γ i ∕Γ i Minimum/maximum level of of SOC. I pv , I 0 , I pv,n Current generated by the incident light, reverse saturation current, light-generated current in nominal condition. V , I Output voltage and current. R s , R p Series resistance and parallel resistance. N s , N p Number of pv cells connected in series and in parallel. T a , T n Actual and nominal (25 • C) P-N junction temperature. G a , G n Actual and nominal (1000W∕m 2 ) solar irradiance. q, k Electron charge (1.60217646×10 −19 C) and Boltzmann constant (1.30806503 × 10 −23 J∕K). a, a 1 , a 2 Diode ideality constants. V oc,n , I sc,n Open-circuit voltage and short-circuit current.
I X Indicator function, with I X = 1 if the statement 'X ' is true, and 0 otherwise.
W grid Power purchased in one day. W demand Power demand in one day.
Degree of self-sufficiency in one day.
I. INTRODUCTION
Buildings have become the largest energy consumer since 2011 in many countries all over the world [1] . In China, energy consumed by buildings is expected to be responsible for more than 35% of its energy consumption until 2020 [2] . Taking into account the energy crisis, environmental protection, and for the sustainable development of human society, much attention has been focused on improving building energy efficiency. Except for developing advanced building material, designing energy-efficient structure and retrofitting old buildings, there are generally two ways for the energy-efficiency improvement. One way is to exploit renewable energy sources, such as solar power, wind power, and biomass energy. The other way is to optimize the operation of building equipment in order to economically and efficiently use the energy.
For electricity, distributed renewable power brings challenges to the power grid considering their uncertainty, variability and intermittency while the microgrid technology provides an effective approach to integrate the renewable power. A microgrid usually consists of distributed power sources as power generating units and decentralized load as power consumers. The semi-autonomous operation and high self-governed degree of microgrid can not only bring stability to the main power grid, but also improve regional energy efficiency [3] . With development of building integrated power (such as building integrated photovoltaic, BIPV for short) and electricity storage technology, buildings can generate and store power for self consumption and can even feed surplus power into the grid. These characteristics make buildings operate as a building microgrid. Previous building microgrid research generally falls into two groups. In the first group, attention is payed to the management and operation of various distributed energy sources [4] [5] [6] , where the energy consumption is usually assumed to be centralized. In the other group, research focuses on the demand-side load management [7] [8] [9] [10] with the energy supply assumed to be centralized.
A brief literature review of the energy management in the building microgrid with renewable energy is made as follows. For the supply side, Guan et al. [4] investigated the energy management of various kinds of energy systems in a building microgrid and modeled the problem as a mixed-integer programming (MIP) with scenario method addressing the randomness. Che et al. [11] considered the optimal planning of a community microgrid and used a probabilistic minimal cut-set-based iterative methodology in the planning with various renewable energy sources. Zhang et al. [12] studied the optimal scheduling of smart homes' energy using a mixed-integer linear programming considering different kinds of energy systems. For the demand side, Amin Khodaei and Mohammad Shahidehpour [13] investigated the optimal energy management in a community-based microgrid with mixed-integer programming and Lagrangian relaxation considering various kinds of residential loads. Roy et al. [14] evaluated different charging strategies for hybrid electric vehicles in an office building microgrid with a PV system and evaluated their performance in different scenarios. Liu et al. [15] proposed a heuristic operation strategy for electric vehicle charging activities based on dynamical event triggering for real-time power allocation.
In practice, a building microgrid usually consists of various kinds of buildings located in different areas, e.g., in a university campus, where the power generation and consumption are not centralized. Meanwhile, considering the different functions of buildings, their demand profiles are different and sometimes complementary. For example, power demand of the office buildings and teaching buildings often appears in daytime and that of the dormitory buildings often appears in nighttime. Then there arises the chance to improve the energy efficiency of the building microgrid by cooperatively managing their power supply and demand. Power resources (like BIPV and storage battery) affiliated to buildings in valley demand can supply power to buildings in peak demand, which can reduce the total power purchase from the utility grid especially for areas with time-of-use electricity price and lower the energy cost of the system. This joint energy management of the building microgrid benefits the power consumers while at the same time brings the following challenges to the operation of the system. First, the scheduling of power in different locations in some periods is a multi-time-stage decision-making process and involves spatio-temporal constraints. This makes the optimization of the power scheduling intractable compared to energy management in a single-building microgrid. Second, the distributed renewable power generation and energy consumption are by nature random. This requires the power schedule to be not only efficient but also robust accordingly.
In this paper the problem of the joint operation of a building microgrid is analyzed and discussed. The objective is to minimize the expected electricity cost in one day and the following major contributions are made. First, we formulate the operational optimization of the building microgrid with distributed solar power and decentralized battery as a two-stage stochastic programming. In the first stage the day-ahead decisions on battery charging/discharging are made. In the second stage the real-time decisions for the power distribution are made. Second, this problem is converted into a stochastic mixed-integer linear programming (SMILP) with scenario method handling the uncertainties of solar power and building load. Third, numerical examples based on the campus of Tsinghua University in Beijing, China are considered. The results show that the proposed approach can find control policies that can make the building microgrid operate in an energy-efficient manner. The robustness of the schedule with respect to the uncertainty in solar power and load as well as the computational time of the approach are also discussed.
The rest of the paper is organized as follows. In Section II, the operational optimization of the microgrid of buildings is formulated as a two-stage stochastic programming. In Section III, the problem is converted into an SMILP. A scenario-based method is used to handle the uncertainties in solar power and building load. In Section IV, two numerical examples based on university campus are presented to test the effectiveness of the proposed formulation. At last, a brief conclusion is made in Section V.
II. PROBLEM FORMULATION
Consider a microgrid of buildings with M nodes. In each node i, with i = 1, 2, ...M, there are a building, a BIPV system, and a storage battery system. All nodes can buy electricity from the utility grid as well as selling back surplus solar power. The topology of this system can be described with a complete graph in which all the nodes are fully connected. Each edge ⟨i, j⟩ represents the power line connecting nodes i and j, through which power can be delivered from one to the other. BIPV in one node can supply power to the local building (for electricity consumption) and the local battery (for battery charging) prior to buildings and batteries in other nodes. Surplus solar power can be sold back to the utility grid. Storage battery can also be charged by the utility grid when the electricity price is low. Discharged power from the battery can be used by local building and scheduled by other buildings. Power shortage of the whole system is satisfied by the utility grid.
In a T-stage operation, the system coordinator needs to make decisions on scheduling of power and the decisions in one stage influence the decisions afterwards, which means that the operation of this system is spatiotemporally coupled. Our objective is to make a T-stage control policy to optimize the operation of batteries and power scheduling such that the electricity cost is minimized and the system energy efficiency can be improved. Details of the description are as follows.
BIPV system
The BIPV system has been used to harvest solar power for buildings for its advantageous application to both new and old buildings (Here we do not differentiate BIPV from BAPV, short for building-applied photovoltaics [16] ). The PV panel is the basic power generating device of BIPV, which consists of PV modules first connected in series and then in parallel [17] . Taking advantage of the simulation accuracy of the two-diode PV model, the BIPV system is described following the formulation in [18] . Based on the physics of P-N junction and the Thevenin's theorem, the solar power generation process is as in Fig. 1 ,
The corresponding mathematical descriptions are from (1) to (5).
Interested readers can refer to [18] and [19] for more details of the mathematical description. The most important factors that influence solar power generation are ground solar irradiance G a and P-N junction temperature T a . Variations of these two factors lead to the fluctuation of solar power. Also the stochastic nature of G a and T a brings challenges to the prediction of solar power. Therefore, G a and T a are our main considerations in the description of solar power.
Dynamics of the storage battery
In our building microgrid, the battery is mainly used to store power when there is a surplus and to supply power when there is a deficit. Considering the time-of-use (TOU) electricity price, the battery can also store power when the rate is low while supply power when the rate is high. An important status indicator of battery is the state-of-charge (SOC), which indicates its remaining energy. The SOC in one stage is influenced by both the SOC in the previous stage and the charging/discharging decision in the current stage. In a discrete-time form, the dynamics of SOC and the charging/discharging limitation for battery in node i are formulated in (6)- (8), with t = 1, 2, ..., T − 1.
Dynamics of the SOC:
Taking into account the lifespan, it is required that battery should not be charged and discharged at the same time. Meanwhile, in order to avoid over-charging/-discharging, the SOC is restricted between the minimum level Γ i and the maximum level Γ i . For emergency response, the SOC is further required to be
Power scheduling
In the joint-operation, solar power and battery power in one node can be scheduled by other buildings besides local consumption. As an example, the power delivery between two building nodes i and j is presented in Fig. 2 . As aforementioned, PV i can supply solar power to load L i and L j , as well as to battery B i and B j . Surplus solar power can be fed to the utility grid G. The discharged power from B i can be consumed by L i and also be scheduled by L j . The power shortage of L i is satisfied by purchasing power from G. Purchased power can also be used to charge B i . Node j has the same operation mode. The mathematical formulation is shown as (9)-(11).
Power from BIPV:
2. Charging/discharging power of storage battery: 3. Power from distribution grid:
Power balance
Power balance is the coordination between power supply and demand. In the joint-operation, the power balance for building load L i as (12) .
Objective function
Assume t is the TOU price at stage t and is the price for selling solar power. (In present Beijing, China, we have < t and is constant). At stage t, each node can either make a decision to buy electricity and pay the bill or to sell solar power and receive a revenue. The electricity cost for node i with the battery charing/discharing decision being x t c,i
Denote vector
) and X = (X 1 , ..., X T ), the total T-stage electricity cost is
).
Considering the stochastic elements and following the two-stage stochastic programming formulation [20] , our objective is to minimize the electricity cost with a second-stage expected recourse cost as (15) .
The two-stage decision process is shown in Fig. 3 . Note thatC(X) is the first-stage electricity cost based on the day-ahead prediction of solar power and building load. As time goes by, more information about the solar power and the building load can be acquired. Then a more appropriate power scheduling decision can be made inducing the actual electricity cost C(X), where there exists a recourse to the previous costC(X). Note also that although the first stage and second stage share the same battery charing/discharing decision X, their power schedulings are different. The expectation "E" of the recourse cost is over the stochastic solar power and building load. The objective function (15) is further expressed as (16) .
Note also that in order to make decisions on power scheduling, the coordinator needs to collect information of all building nodes through the communication system. As the sensing system is usually integrated into the energy system with no additional cost, in practice the communication cost can be neglected for transmitting the information in one day's operation. As for the uncertainty in communication, it can be considered as another reason inducing solar power and building load variations in the coordinator's view. This can also be handled with the scenario method which we will not go into particulars.
III. SOLUTION METHODOLOGY
The previous formulation includes the nonlinear cost function and the integer battery charging/discharging decisions, which is a stochastic mixed-integer nonlinear programming (SMINLP). In this section, we first transform the SMINLP into a stochastic mixed-integer linear programming (SMILP) by linearizing the objective and constraints. Then the scenario method is used to solve the problem with scenarios approximating the stochastic solar power and building load.
Linearization of the cost and constraints
For the nonlinear constraints (6), (9), (10), (11) and (12) , the following generic denotation is used to describe the linearization process. Assume a nonlinear expression of y as (17) , where x is continuous with x ∈ [0, Y max ] and ∈ {0, 1}.
Introduce another nonnegative variable and an equivalent linear expression of equation (17) is as (18) with which all the nonlinear constraints concern with charing/discharging decisions can be linearized.
For the objective function (14) , whether cost is paid or revenue is received is determined by buying or selling electricity, which is influenced by the charging/discharing decision of battery and the power scheduling. For each time stage t, introduce another two variables z t and t , with z t being the total cost (revenue) at t and t being (19) .
Then we have
For the T time stages, an equivalent expression of the objective function is as the following optimization problem with linear cost (revenue) and constraints in each stage.
where 's.t.' is short for 'subject to'.
Stochastic programming with the scenario method
The scenario method has been widely used in a variety of mathematical optimization problems with randomness, such as portfolio selection [21] , risk management [22] , and power management [23] , to deal with uncertainty. In our problem, the solar power and the building load are uncertain. Denote the prediction error of the solar irradiance, the temperature, and the load of the i-th building by e1 , e2 , and i , which we assume to be subject to Gaussian distribution as e1 ∼ N( e1 , ). Then a scenario for solar power and building load can be generated through the Algorithm 1.
With S scenarios of solar power and building load for the future T stages, the microgrid operation problem can be further approximated by the following mixed-integer linear programming (MILP). .
First-stage constraints:
Second-stage constraints:
Common constraints: ) is an approximation to the expectation with S scenarios. Though the approximation error goes to zero when the scenario number S goes to infinity, a large number of scenarios usually increases the computational time. Fortunately, a lot of researches have been carried out for scenario reduction [23] [24] [25] , where we will not go into particulars. Also note that in our two-stage stochastic programming, all S scenarios share the same charging/discharging decisions made day-ahead based on both the prediction and the realizations. But the optimal charging/discharging power and the power scheduling decisions are different for each realization. Our objective is to find the optimal battery charging/discharging decisions which can minimize the total expected electricity cost while not only accommodate all the randomness, but also meet the power demand for each building node.
IV. NUMERICAL TESTS AND ANALYSIS
Two numerical examples based on the campus of Tsinghua University in Beijing are tested in this section. All tests are performed using the IBM CPLEX solver (version 12.4) on a laptop with the CPU main frequency 2 GHz. The first example with three buildings is presented in subsection 4.1 and a larger example with 18 buildings is presented in subsection 4.2. The day-ahead building electrical load is estimated using EneryPlus (version 7.2) with the comfort indoor temperature between 22
• C and 26
• C. The weather information acquired from the weather station located in Tsinghua University for a typical summer working day (August 13, 2015) is used in the test. The historical and realtime weather data can be acquired from the web site http://climate.dest.com.cn/. It is assumed that all the building energy systems in the campus share the same weather condition (the solar radiation and the temperature). The TOU electricity price in Beijing area is shown in Fig. 4 . Price for selling electricity is 0.3 RMB/kWh, which is lower than the valley TOU price. The rated power of the BIPV system is determined by the available roof area of each building. The capacity of each battery is calculated according to that it can support the operation of local building for at least 5 hours at the peak demand. The minimum/maximum SOC of the battery is 0.3/0.9. The initial SOC is 0.3. The charging and the discharging coefficients are 0.9. 
Case 1: A 3-node system
The 3-node system consists of a dormitory, a dining hall and a teaching building, indexed with 1, 2, and 3 as described with the one-line sketch diagram in Fig. 5 . The storage battery can be seen as both an energy supplier and a load. Parameters of the 3-node system are listed in Table I . Estimated building load profiles using EnergyPlus in a 24-hour time horizon are presented in Fig. 6 with different demand curves for three buildings.
Comparison of different strategies
Battery control strategy from the proposed two-stage stochastic programming (named D) is compared to other three control strategies A, B and C. Strategies A and B are from literature [4] and strategy C is from literature [26] . A is obtained based on the prediction of solar power and building load without considering the randomness and the power scheduling among different buildings (∀i, j ∈ M and i ≠ j, p Table II and Table III. Note that in Table II , the cost of each node using A is close to that using B. The cost of each node using C is close to that using D. The total cost using C or D is less than the total cost using A or B. The cost of node 2 using A and B are much less than that using C and D. On the contrary, the cost of node 3 using A and B are much more than that using C and D. Analysis are made as follows. On the one hand, both A and B are local optimal control strategies and their costs are close [4] . C and D are global optimal control strategies which also have close costs. On the other hand, in strategy A and B the decisions of node 2 are made by optimizing the local operation. Using A and B the solar power can be sold to get a revenue and the power bought from the grid only needs to meet its own demand curve. However, in strategies C and D the decisions of node 2 need to consider the operation of all three nodes. The surplus solar power is supplied to other nodes. More traditional power is used to charge the battery so that the battery may be used by the other buildings when there is a high demand on power and when the TOU price is high. The decrease of the revenue for selling solar power and the increase of the cost for purchasing the traditional power induce a higher cost in node 2. For node 3, with strategies C and D it is possible for it to utilize the solar power and the batteries in the other buildings when its power demand is high. This reduces the power purchased from the grid especially when the TOU price is high, and therefore reduces its total cost. Furthermore, the power scheduling among different buildings improves the energy efficiency of the solar power and the power storage system in strategy C or D, which brings a more economic operation of the whole system. Note also that although the costs of strategy C and strategy D are close, the computation time for D is larger than that for C. This is caused by the consideration of randomness in D. In practice, if the prediction accuracy of solar power and building load is high, strategy C is a good enough control strategy. While if the prediction accuracy is lower or the variations of solar and load are large, strategy D is a better choice.
Considering the capability of autonomous operation, self-sufficiency (or self-adequacy) has been discussed for the energy management in different kinds of smart microgrids [27] [28] [29] [30] [31] . A high self-sufficiency can not only lower the electricity cost but also lower the emission for generating traditional power. What's more, for policy and technical reasons in the mainland China, local consumption of renewable energy is encouraged by the government. Considering these reasons, define as the one-day degree of self-sufficiency as in (22) . From Fig.  7 we can see that with strategies C and D the system achieves a higher degree of self-sufficiency. This also demonstrates the advantage for sharing the solar power and the batteries among buildings in the microgrid.
The relationship between the average cost and the scenario numbers for strategy D is shown in Fig. 8 . As we can see, when there are more than 40 scenarios, the average cost variation is less than 0.5%. This demonstrates that the proposed method can provide a good control strategy with an appropriate number of scenarios.
Sensitivity to load and solar variation
Strategies A and C are obtained based on the predicted solar power and building load. Strategies B and D are obtained based on scenarios that are generated from the random distribution of solar power and building load. We investigate the robustness of these strategies with respect to the uncertain solar power and load in this subsection. In order to test their sensitivity to solar and load variations, we conduct two groups of numerical experiments. In the first group, we fix the standard deviation (StD) of the solar power at 0.10 and set the standard deviation of the load to 0.10, 0.15, ..., 0.5. The total costs using strategies A, B, C, and D are shown in Fig. 9 . In the second group, we fix the standard deviation of the load at 0.10 and set the standard deviation of the solar to 0.10, 0.15, ..., 0.5. The total costs using strategies A, B, C, and D are shown in Fig. 10 . In both Fig. 9 and Fig. 10 , we can see that strategies C and D achieve lower costs than strategies A and B. As shown in Fig. 11 and Fig. 12 , when the standard deviation of the solar is 0.50, strategy D achieves 15%, 13%, and 5% lower cost comparing with A, B, and C, respectively. When the standard deviation of the load is 0.50, strategy D achieves 8%, 7%, and 1.5% lower cost comparing with strategies A, B, and C, respectively. The comparison between strategies A and C shows that scheduling power among different buildings is more robust to address the uncertainty of solar power and building load. The comparison between strategy C and strategy D shows that the two-stage stochastic formulation has better performance in addressing uncertainty. Here we have no risk reference in the proposed formulation and all the comparisons are made with neutral risk. Conejo et al. [32] has made discussions about various kinds of risk control in electricity markets with uncertainty. The conditional value-at-risk (CVaR) is implemented as a risk measure incorporated into the the risk-neutral problems for decision making with different confidence levels of risk. The purpose of comparison here is to show the advantage of joint-operation of the building microgrids. If different risk references need to be considered, the formulations with CVaR in [32] can also be applied in the joint-operation for a robust power schedule.
Case 2: An 18-node system
As discussed in Section III, the number of constraints increases when the number of scenarios increases. 1  300  2000  0  200  2  300  2000  0  200  3  400  4000  0  400  4  250  4000  0  400  5  250  4500  0  450  6  600  5000  0  500  7  1500  3500  0  350  8  2000  3500  0  350  9  2500  8000  0  800  10  1500  9000  0  900  11  500  8500  0  850  12  800  8000  0  800  13  800  9500  0  950  14  600  8500  0  850  15  700  8500  0  850  16  900  8000  0  800  17  800  8000  0  800  18  2000  10000  0  1000 1 concert hall (No. 12). These buildings are connected in a same distribution grid. Parameter settings are listed in Table IV . Note that when the building nodes are powered by different distribution grids, the proposed formulation can also apply for buildings connected in the same grid. Different numbers of scenarios are generated to test the proposed control method when the standard deviation of the solar power is 0.10 and when the standard deviation of the load is 0.10. For each number of scenarios 10 tests are performed and the results are presented in Fig. 13 . As we can see the average computational time increases when the number of scenarios increases. However, when there are more than 35 scenarios, the relative variation of the cost is less than 0.4%. The overall average computational time is about 300 seconds. This demonstrates that the previously proposed two-stage stochastic programming can provide a good enough control strategy for the operation of the building microgrid with appropriate computational time and scenarios.
V. CONCLUSION
Improving building energy efficiency is important for energy saving. Taking advantage of the microgrid technology, the joint operation of a building microgrid is considered in this paper. We formulate the joint operation of the building microgrid with multiple buildings as a two-stage stochastic programming. The scenario method is used to address the uncertainties of solar power and building load. After linearization, CPLEX is applied to solve the problem. Numerical results show that the energy efficiency of the building microgrid is improved using the proposed method which considers power scheduling among different buildings. It also shows that joint operation of the building microgrid can better accommodate solar power and building load uncertainties compared to the operation of a single building. Moreover, the tests show that a good enough control strategy can be obtained with appropriate number of scenarios for the proposed method.
